This study investigated the multifractality of streamflow data of 192 stations located in 13 river basins in India using the multifractal detrended fluctuation analysis (MF-DFA). The streamflow datasets of different river basins displayed multifractality and long-term persistence with a mean exponent of 0.585. The streamflow records of Krishna basin displayed least persistence and that of Godavari basin displayed strongest multifractality and complexity. Subsequently, the streamflow-sediment links of five major river basins were evaluated using the novel multifractal cross-correlation analysis (MFCCA) method of cross-correlation studies. The results showed that the joint persistence of streamflow and total suspended sediments (TSS) is approximately the mean of the persistence of individual series. The streamflow displayed higher persistence than TSS in 60% of the stations while in majority of stations of Godavari basin the trend was opposite. The annual cross-correlation is higher than seasonal cross-correlation in majority of stations but at these time scales strength of their association differs with river basin.
Introduction
The estimation of local fluctuations and long-term dependency of hydrologic time series is a long standing problem in hydrology. Hurst exponent (Hurst 1951) is perhaps one of the most debated properties of hydro-meteorological datasets, which is mainly used to elucidate the persistence of the time series. Mandelbrot (1982) paved the way of existence of fractal geometry of geophysical fields. Over the years, a large number of methods evolved for estimation of dependency structure and fractal behaviour of hydrologic time series. It includes the rescaled range analysis, double trace moments (Tessier et al. 1996) , Fourier spectral analysis (Hurst et al. 1965; Pandey et al. 1998 ), extended self similarity principles (Dahlstedt and Jensen 2005) , wavelet transform modula maxima (WTMM) (Muzy et al. 1991) , arbitrary order Hilbert spectral analysis (AOHSA) (Huang et al. 2011; Adarsh et al. 2018a ). Peng et al. (1994) proposed an efficient method namely detrended fluctuation analysis (DFA) to perform the fractal analysis based on a detrending procedure. Kantelhardt et al. (2002) proposed the multifractal extension of DFA procedure now popularly known as multifractal DFA (MF-DFA). Multifractal is the appropriate framework for scaling fields of time series and thus can provide the natural framework for analysing and modelling various geophysical processes. For hydrological time series, multifractal description can be regarded as a 'fingerprint' and it serves as an efficient nontrivial test bed for the performance of state-of-the-art precipitation-runoff models (Kantelhardt et al. 2006 ). Therefore, DFA or MF-DFA was successfully applied for characterization of different hydro-meteorological time series (Yuan et al. 2010; Yu et al. 2014; Baranowski et al. 2015; Krzyszczak et al. 2019; Adarsh et al. 2019) . Kantelhardt et al. (2003) applied the MF-DFA procedure for runoff and precipitation from different parts of globe and compared the results with WTMM method. Koscielny-Bunde et al. (2003) applied DFA, MF-DFA and wavelet analysis to discharge records from 41 hydrological stations around the globe for investigating their temporal correlations and multifractal properties. The study found that the daily runoff records were long-term correlated above some crossover time in the order of weeks, and they were characterized by a correlation function that follow a power-law behaviour with exponents varying between 0.1 to 0.9. Kantelhardt et al. (2006) studied the multifractal behaviour of 99 long-term daily precipitation records and 42 long-term daily runoff records from different parts of the world. They found that the precipitation records generally show short-term persistence while runoff records showed long-term persistence with a mean exponent of 0.73. Zhang et al. (2008) applied the MF-DFA procedure to analyse the multifractal characteristics of streamflow from four gauging stations in Yangtze river in China. The study detected the non-stationarity of different time series and analysed the differences in multifractality among the records from stations at upper and lower Yangtze basin. Zhang et al. (2009) applied MF-DFA method to study the scaling behaviours of the long daily streamflow series of four hydrological stations in the mainstream of East river in China. The results indicated that streamflow series of the East river basin were characterized by anti-persistence and showed similar scaling behaviour at different shorter time scales. Further their study applied the technique to investigate the effect of water storage structures on streamflow records and found that the streamflow magnitude was mainly influenced by the precipitation magnitude while the fluctuations of the streamflow records were affected by the human interventions like construction of control structures. Labat et al. (2011) applied DFA to investigate the multifractality of streamflow series of two karstic watersheds in the southern France, suggesting that the correlation properties exist in small scales and anti-correlated properties exist in large scales. Hirpa et al. (2010) analysed and compared the longrange correlations of river flow fluctuations from 14 stations in the Flint river basin in the state of Georgia in the southeastern USA. The study investigated the effect of basin area on the multifractal characteristics of streamflow time series at different locations and it was found that in general, higher the basin area lower will be the degree of multifractality. Rego et al. (2013) applied the MF-DFA to analyse the multifractality of water level records of 12 principal Brazilian rivers, and the results indicated that the presence of multifractality and long-range correlations for all the stations after eliminating the climatic periodicity. Li et al. (2015) applied the MF-DFA method to the streamflow time series of four stations of Yellow river in China. They detected the crossover point at annual scale in all the time series. After removing the trend by the seasonal trend decomposition, they found that all decomposed series were characterized by the long-term persistence. Also the study noted that the multifractality of streamflow series was because of the correlation properties as well as the probability density function. Tan and Gan (2017) used MF-DFA for determination of multifractal behaviour of 145 streamflow and 100 daily precipitation series of Canada. They reported that all precipitation time series showed long-term persistence (LTP) at both small and large time scales, while streamflow time series generally showed LTP at large time scales. Recently, Adarsh et al. (2018a, b) performed the multifractal analysis of streamflow records of four stations of Brahmani river basin and one station of Kallada river basin in India.
Even though many studies performed multifractal characterization of streamflow employing the MF-DFA procedure worldwide, according to the author's knowledge, no comprehensive study has been reported considering streamflow data from Indian rivers and such an analysis on sediment concentration data is really scarce in the literature. The specific objectives of this paper include: (1) multifractal characterization of streamflow data of different rivers in India; (2) investigate the streamflow-suspended sediment link of five major basins in India using multifractal cross-correlation analysis (MFCCA). The next section presents the theoretical details on MF-DFA and MFCCA. The details of data used in the study are presented in the section thereafter. Subsequently, results of MF-DFA analysis of streamflow and MFCCA on streamflow-total suspended sediment (TSS) links of five major basins are presented along with relevant discussions. Then the major conclusions drawn from the study are presented.
Materials and methods
This section presents the theoretical details on the multifractal detrended fluctuation analysis (MF-DFA) and multifractal detrended cross-correlation analysis (MFCCA) used in this study.
Multifractal detrended fluctuation analysis (MF-DFA)
The multifractal detrended fluctuation analysis (MF-DFA) is a popular tool used for the scaling characterization of nonstationary time series. The different steps involved in MF-DFA computational procedure can be described as follows:
Consider a time series X (x 1 , x 2 … x N ), where N is the length of the time series. The accumulated deviation of the series (known as 'profile') is calculated as:
where i = 1, 2, … , N, k = 1, 2 … , N, x is the mean of the series x k.
(1)
Divide the profile X(i) into N s = int(N∕s) non-overlapping segments of length, here s is the segment sample size (so called scale) chosen for the analysis and int (N/s) is the integer part of (N/s). As N need not be a multiple of s always, there is a chance of omission of small portion of the time series at the end, and to include such segments, the same procedure is repeated starting from the opposite end and a total of 2N s segments are considered in the analysis.
Calculate the local trend for each of the 2N s segments by a least squares fit of the series as:
And Here x υ (i) is the fitting polynomial in segment υ. Linear, quadratic, cubic etc., different types of fitting can be made and accordingly DFA procedure is named as DFA1, DFA2,…..DFAm etc.
Compute the qth order fluctuation function by averaging:
Here the index variable q can take any real value except zero and the zeroth order fluctuation function is computed by following a logarithmic averaging procedure:
Analyse the scaling behaviour of the fluctuation functions developing the log-log plots of F q (s) versus s for each values of q. If the time series is long-range power-law correlated, F q (s) increases as: F q (s) ~ s h (q) and h (q), the slope of the plot is referred as the generalized Hurst exponent (GHE).For stationary time series, 0 < h (q = 2) < 1, is identical to the classical Hurst exponent (Hurst 1951) . For an uncorrelated series the value of Hurst exponent is 0.5. If the Hurst exponent falls between 0.5 and 1, it indicates the long-term persistence (long memory process) and if it falls between 0 and 0.5, it indicates a short-term persistence (short memory process). Long-term persistence implies a positive autocorrelation in the time series (i.e. the effect of an observation on future observations remain significant for a long period of time). For example an extreme event would have higher probability
being followed by another extreme of same character (i.e. a flood followed by another flood). The selection of scale (s) or segment sample size, the type of polynomial chosen etc., are some of the key issues while applying the MF-DFA method. Generally sufficient segments are chosen between the bounds (minimum and maximum) scale range. Minimum scale can be chosen in such way that it is sufficiently larger than the polynomial order chosen to prevent error in computation of local fluctuations and maximum scale below 1/10 of the sample size. Also the polynomial order can be chosen 1-3 probably sufficient to avoid overfitting problems within small segment sizes (Ihlen 2012; Oświęcimka et al. 2013) . From the GHE, several other types of scaling exponents can also be derived, which is helpful for the multifractal characterization of the time series. The q-order mass exponent ( ( (q)) and singularity exponent (α) are derived as follows:
And where f(α) provides the singularity spectrum. The dependency of h(q) on q infer multifractality of the time series and the spread of GHE plot ∆h(q) refer the strength of multifractality (Grech 2016) . If the variation of GHE plot is steeper the time series is more multifractal (higher degree of multifractality) and if it is flatter the series is less multifractal (lower degree of multifractality). The base width of the singularity spectrum (spread of singularity exponent, ∆α) also reflects the strength of the multifractality of the time series. The shape and extent of the singularity spectrum curve contain significant information about the distribution characteristics and the singularity content of the time series. A wider singularity spectrum indicates a higher degree of multifractality and a narrow width indicates lesser degree of multifractality. For a multifractal time series the shape of singularity spectrum will be an inverted parabola whose right-and left-hand wings correspond to negative and positive q, respectively. Asymmetry Index (A α ) is a useful parameter for multifractal analysis derived from the properties of the spectrum. It is obtained by the following relation (Drozdz and Oswiecimka 2015):
where Δ L = 0 − min and Δ R = max − 0 are, respectively, the width of left-and right-hand branches of the
multifractal spectrum curve; their values describe the distribution patterns of high and low fluctuations and α 0 is the singularity exponent for q = 0. The value of A α ranges from − 1 to 1. It quantifies the deviations of the multifractal spectrum curve. A α > 0 suggests a left-hand deviation of the multifractal spectrum, likely to have resulted from some degree of local high fluctuations; A α < 0 suggests a righthand deviation with local low fluctuations, and A α = 0 represents a symmetrical multifractal spectrum. The difference ∆f(α) between maximum and minimum values of singularity provides an estimate of the spread in changes in fractal patterns. Since ∆f(α) denotes the frequency ratio of the largest to the smallest fluctuations ∆f(α) > 0 means that the largest fluctuations are more frequent than smallest fluctuations.
Multifractal cross-correlation analysis (MFCCA)
In order to determine the inter-relationships between different hydro-meteorological variables, different statistical approaches have been developed and simplest of which is the estimation of Pearson correlation coefficient. However, this coefficient is not robust and can be misleading if outliers are present, as in real-world data characterized by a high degree of nonlinearity and non-stationarity. The Pearson correlation may display the spurious correlations in the presence of trend in non-stationary time series. Podobnik and Stanley (2008) proposed a new method, detrended cross-correlation analysis (DCCA), to investigate power-law cross-correlations between two candidate non-stationarity time series in a multifractal framework. Podobnik et al. (2009a) found that the trends can severely affect the longrange correlations in the time series, leading to crossovers and other spurious deviations from power laws. To circumvent these issues, they proposed a novel statistical significance test for the quantitative analysis of power-law cross-correlations considering the both local and global detrending approaches. Podobnik et al. (2011) presented an analytical examination of the above test considering the Chinese, USA and German financial indices and proposed an improved variant of the statistical test to quantify the existence of cross-correlations between two power-law correlated time series. Some recent studies made detailed comparison on the person correlation and DCCA approach (Piao and Fu 2016) . DCCA was extended to multifractal case and named as multifractal detrended cross-correlation analysis (MFDCCA) (Zhou 2008 ) and multifractal detrending moving average cross-correlation analysis (MFXDMA) . Later on, Oświeçimka et al. (2014) propounded a more generalized version of cross-correlation analysis namely multifractal cross-correlation analysis (MFCCA) which can also incorporate the sign of fluctuation function to their generalized moments. DCCA and its variants have successfully been applied to financial, biomedical and meteorological time series (Podobnik et al. 2009a, b; Hajian and Movahed 2010; Shi 2014; Vassoler and Zebende 2012; Wu et al. 2018; Dey and Mujumdar 2018; Wątorek et al. 2019 ). The different steps involved in MFCCA computational procedure can be described as follows:
For two time series x i and y i (i = 1, 2, …, N); determine the profiles as two new series: and where i = 1, 2, …, N; ⟨x⟩ and ⟨y⟩ are the mean of the two series.
Each series x i and y i are divided into N s non-overlapping segments both in progressive and retrograde directions, to avoid any omission of time series data at the beginning or end of the series. For each 2N s segments, local trend of both series x j and y j are computed by fitting polynomial of appropriate order (m). The subtraction of the fitted polynomial from the original segment gives the covariance:
Calculate detrended covariance by summing over all overlapping all segments of length n: The cross-correlation exponent λ(q) similar to the generalized Hurst exponent h(q) in MF-DFA and it can be obtained by observing the slope of log-log plot of F(s) versus s by ordinary least squares.
Determination of cross-correlation coefficient (ρ XY )
DCCA cross-correlation coefficient is defined as the ratio between the detrended covariance function F XY and the (10)
detrended variance functions F X and F Y (Zebende 2011; Kwapień et al. 2015) Theoretically the value of ρ XY ranges between − 1 ≤ ρ XY ≤ 1. If the value range between ± 0.666 to ± 1 crosscorrelation it can be considered as strong positive (or negative); ± 0.333 to ± 0.666 it is medium and ± 0 to ± 0.333 it is weak (Brito et al. 2018) . The MFCCA analysis facilitate the estimation of scale dependent correlation between two candidate time series, which can provide better insight into the physical association between the variables. It is to be noted that in this study MFCCA is retrieved for the moment order q = 2.
Study area and data
In this study long-term daily streamflow data of 192 stations falling in 13 river basins in India are collected from Water Resources Information System (WRIS) India (www.india -wris.nrsc.gov.in) operated by the Central Water Commission (CWC) India, which one of the most reliable database pertaining to India. The map showing different major river basins is presented in Fig. 1 . The data ranging from 1969 to 2016 are considered for the study. For brevity, the maximum and minimum data lengths of the basin along with the maximum and minimum drainage area of stations of different basins are provided in Table 1 . As the total suspended sediment information is really scarce, the streamflow-sediment link is investigated in five major basins by considering the longest common period for which both the streamflow and sediment data are available.
Results and discussions
In this study, first daily streamflow data of different stations are analysed using the MF-DFA method by selecting moment order in the range − 4 to + 4 and minimum scale as 10, maximum as N/2, where N is the data length. Six different prominent multifractal properties such as Hurst exponent (H), spread of generalized Hurst exponent plot Δh(q) , spread of singularity parameter ∆α (called as spectral width), Asymmetry index (A α ), ∆f(α), singularity parameter for zero moment order (α 0 ) etc. are evaluated. The spatial distribution of the different multifractal parameters is shown in Fig. 2 . Further, the non-parametric Kernel density estimator (KDE) is used to develop the probability density function (PDF) and cumulative distribution fuction (CDF) of all the six multifractal parameters, and the results are presented in Fig. 3 .
From the results it is noted that most of the streamflow series displayed long-term persistence (71.3%) with a mean value of 0.585, which is less than the universal value of 0.73 reported by Kantelhardt et al. (2006) . Similarly the high multifractal width and spread ( Δh(q) ) are noted in the database, which shows that there is a large variation in distribution of high and low fluctuations, indicating irregular and non-homogeneous distribution. This is quite obvious because of the high intermittent character of river flows in the basins considered in the study. It is to be noted that the database considered the stations located in the southern/peninsular part of India, where in most of the rivers the streamflow is intermittent in nature and comprising of continuous zero or very low discharge values. In the northern India, abundant alluvial and perennial rivers are present, but most of them are trans-boundary in character for which the data sharing is not flexible. From Fig. 2 , it is also noted that river basins Periyar, Cauvery, Pennar, Vaippar, which are near to the southern coastal regions have high degree of multifractality. The Asymmetry index value is positive for most of stations (181 stations out of 192), which indicates left-hand deviations of the spectra with local high fluctuations.
From Fig. 3 , it is noted that as expected the distribution of spectral width and spread (which convey the similar message on degree of multifractality) irrespective of their numerical values. The PDF of Hurst exponent shows a density concentration around 0.5-0.7, where Hurst exponent lies in this range for most of the stations (49%). A near symmetrical distribution is noted for the value of Δf ( ) and the dominant density of α 0 is in the range of 0.8-1.2. Now, for a comparison of multifractal properties of streamflow of different basins, five major basins, namely Godavari, Krishna, Mahanadi, West flowing rivers (WFR) from Tadri to Kanyakumari (WFR T-K) and Cauvery are considered (for which datasets of minimum 10 stations are available). The PDFs and CDFs of different multifractal parameters are presented in Fig. 4 .
From the PDFs and CDFs of streamflow data of river basins it is clear that the data of Krishna has least persistence (followed by Mahanadi) as compared with that of other basins. The highest degree of multifractality is noted for the streamflows of Godavari basin which is having over 400 major and minor dams and other regulation structures which control the streamflows. From Fig. 4 , it is also noted that streamflows of Godavari basin has higher α 0 as compared with other basins, which infer the complexity of the series. From the plot of α0 it is noted that the streamflow of Krishna and WFR T-K has almost similar complexity which possess finer structure. In the WFR T-K basin, no major flow regulation structures are present and the drainage areas of different stations are similar in magnitude (varies between 238 and 5755 km 2 from Table 1). To get an insight into the effect of drainage area and data length on the multifractality 1 3 and persistence, the plots of drainage area versus H, drainage area versus spectral width, data length versus H and data length versus spectral width are prepared and presented in Fig. 5 .
It is evident from Fig. 5 and it is noted that most of the Hurst exponent values are centred around 0.55-0.65 and there is no major change in the value of the Hurst Exponent with drainage area. This evidently concludes that change in drainage area has no effect on the persistence of the different series. No direct conclusions can be made from the other two plots except that area and data length independently seem to have no significant effect on the multifractality and persistence.
MFCCA between streamflow and suspended sediment
Multifractal cross-correlation analysis (MFCCA) between streamflow and total suspended sediment (TSS) was performed for 5 major basins in India-Cauvery, Krishna, Godavari, Mahanadi and WFR T-K. Choosing the appropriate moment order and scaling ranges are crucial in performing the MFCCA analysis and in this study, we considered the moment order − 4 to + 4 to avoid any possible bias . It is worth mentioning that due to the highly intermittent rainfall characteristics, many long and continuous zero value stretches may be present in many of the streamflow and suspended sediment series. Addressing this, the minimum scale is selected as more than the length of longest stretch of zero values to avoid any possible inconsistencies in the results . From the MFCCA, the individual persistence, joint persistence and cross-correlation coefficient at annual and the overall correlation are determined for each case. In Cauvery basin, 11 stations for which long and continuous streamflow and TSS data are available are considered for MFCCA analysis. The annual cross-correlation coefficient along with Hurst exponents obtained is given in Table 2 . Figure 6 shows typical plots of multifractal analysis along with the variability of cross-correlation with time scale of Kudige station. Among the different plots, the fluctuation function plots (log (F(q, scale) ) versus log (scale)) for q = 2 are presented as the representative sample (Krzyszczak et al. 2019) . From the plots of fluctuation function, it is inferred that a definite crossover is noticed between 350 and 400 days (log10(350) − log10(400), i.e. 2.55-2.61) which is corresponding to annual scale. It is to be noted that the multifractal measures are calculated by identifying proper scaling range from the fluctuation function plots. In most of the time series considered in the study, proper scaling in the fluctuation function is noted up to annual scale. Therefore in such series, maximum scale of ~ 365 days was considered in estimation of the different multifractal measures. The annual scale variations are obvious in the streamflow and sediment concentration time series, which could be attributed to the precipitation contributions from the catchment. One cannot ignore the crossover points at intra-seasonal scale ranges in the streamflow and sediment series in certain stations, which could be due to the anthropogenic flow regulation activities performed at the station. Accordingly, this is purely a data dependent property and one cannot generalize the behavioural pattern of the fluctuation function. The scaling exponent plot, mass exponent plot and multifractal spectra of the streamflow and suspended sediment time series derived from the plots of fluctuation function are also presented in Fig. 6 . It can be noted that the scaling exponent plot of cross-correlations is located near the middle of the scaling exponent plots of individual time series (so called GHE plots), which confirms the universal property of the relation between the scaling exponents (Hajian and Movahed 2010) . Results obtained by the MFCCA analysis for streamflow and sediment data for Cauvery basin (Table 2) it is noted that the persistence of streamflow is more than that of TSS except for two stations. At all stations of Cauvery basin, the joint persistence is found to be nearly the average of individual persistence of streamflow and TSS. The joint persistence is found to be strong with a mean value of 0.733. The annual correlation is found to be more than 0.5 in five stations, but the overall correlation is found to be weak and it is less than 0.5 in all stations. The mean annual correlation is found to be 0.492 while the mean overall correlation is only 0.33. On examining the correlations it was found that, 7 out of 11 stations weak seasonal correlation (at 90 day scale) was also detected in this basin. Except for the data of Savandpur and Thengumarahada stations, the annual correlation is found to be more than that of seasonal correlation. The annual and overall correlation along with Hurst exponents of datasets of different stations of Godavari basin is given in Table 3 .
From Table 3 , it is noted that unlike for Cauvery basin, for majority of the stations in Godavari basin (i.e. 14 out of 26), the persistence of TSS is more than that of streamflow. The persistence is strong and long term for both streamflow and TSS series with a mean of 0.803 and 0.789, respectively. There exists a strong annual correlation between streamflow and TSS in this basin (mean value of 0.702). The annual correlation is greater than 0.5 in 23 cases, out of which in 17 cases the correlation is more than 0.7. The overall correlation was found to be more than 0.5 in 18 cases out of which the association is strong (> 0.4) in four cases. For the datasets of Bishnur, Bhatpalii and Satrapur stations, both the annual and overall correlation are found to be very weak. It was also noted the seasonal correlation (at 3 month time scale) was also detectable at 16 out of 26 stations and annual correlation was found to be greater than seasonal correlation for data of all stations except Satrapur. At all stations of this basin, the joint persistence is found to be the average of persistence of streamflow and TSS. Figure 7 shows typical plots of multifractal analysis along with the variability of cross-correlation with time scale of Polavaram station in the Godavari basin.
The annual and overall correlation between streamflow and TSS along with Hurst exponents of datasets of Krishna basin is given in Table 4 .
From Table 4 , it is clear that for 14 out of 23 stations, the persistence of streamflow is more than that of TSS. In this case, the joint persistence (with a mean of 0.614) is found to be the average of the individual persistence of streamflow and TSS. Strong annual correlation (> 0.7) is noted in 7 cases while it is more than 0.5 in 18 cases. In 9 cases seasonal correlation was also noted and the annual correlation is greater than that of seasonal correlation in these stations. The overall correlation was found to be weak (with a mean of 0.375) and in 5 cases the correlation is found to be more than 0.5. Figure 8 shows typical plots of multifractal analysis of streamflow and sediment data along with the variability of Cholachguda station in Krishna basin. The overall and annual cross-correlation coefficient along with Hurst exponents of datasets of Mahanadi basin is given in Table 5 . From Table 5 , it is noticed that in 81% of stations (i.e. 13 out of 16) the persistence of streamflow is more than that of TSS. The seasonal correlation was detected only at Basantpur and Tikarapara stations. The cross-correlation coefficient is more than 0.7 at all stations except Kesinga indicating very strong positive correlation between the parameters in the basin and reasonably good overall correlation (> 0.4) is noted at 14 stations. The mean value of annual correlation is found to be 0.748 while it is 0.495 for overall data. The correlation plot and multifractal plots of Basantpur station are presented in Fig. 9 . The results of MFCCA of streamflow and TSS of WFR Tadri-Kanyakumari (WFR T-K) are given in Table 6 . From Table 6 , it is clear that the persistence of streamflow is more that of sediment for nine stations. The joint persistenceis nearly the mean of the individual persistence of streamflow and TSS stations of different stations. There exists reasonably good correlation at annual scale with a mean correlation of 0.75 and the overall correlation was also more than 0.5 in 14 cases. The seasonal association was detectable at nine stations and the annual scale correlation is greater than the seasonal correlation for all the stations except for the data of Kumbidi station. The annual cross-correlation is greater than 0.5 in 18 cases out of which in 14 cases the correlation is found to be > 0.7. Figure 10 shows the multifractal plots of Ramamangalam station.
In general, in most of the stations (57 out of 95 stations) the persistence of streamflow is greater than that of TSS. In Godavari basin, majority of the stations the persistence of TSS is more than that of streamflow. The human interventions and flow regulations might have influenced the persistence and multifractality of streamflow in this basin to a great extent. The investigation using MFCCA provides the time (scale) dependent information of the association between streamflow and TSS against the unique and traditional linear correlation between them, i.e. even though the overall correlation between the two are less, at specific time scale the association could be of considerable magnitude. In 45 stations, seasonal (intra-annual) association between streamflow and TSS are also noticed, among which highest number of stations (18 stations) are located in Godavari basin. This also infers the role of flow regulations in streamflow-TSS links of this basin. Even though streamflow-TSS association varies with temporal scales and there is no systematic pattern in this variation for the datasets of different basins. But it is noted that the strength of their association could vary significantly with time scale and their association could significantly depend on the basin and climatic (precipitation) characteristics.
Conclusions
This study first investigated the multifractality of streamflow of 192 stations falling in 13 river basins in India using the multifractal detrended fluctuation analysis (MF-DFA). Subsequently, the multifractal cross-correlation analysis (MFCCA) is employed for investigating the streamflow-sediment link in a multifractal perspective. From the results it is noted that the streamflow datasets of different river basins displayed multifractality and long-term persistence with a mean exponent of 0.583. The streamflow records of Krishna basin displayed least persistence and that of Godavari displayed strongest multifractality and complexity. The streamflow-sediment links of five major river basins evaluated using MFCCA showed that the joint persistence is nearly the mean of the persistence of individual series. The streamflow displayed higher persistence than total suspended sediment in majority of the stations except that in Godavari basin. The annual cross-correlation between streamflow and sediment is higher than seasonal and overall cross-correlation but the strength of their association differs with river basin.
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